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Abstract

This paper introduces a framework to enhance trust and data
security in healthcare autonomous systems using
blockchain and large language models (LLMs). It includes
a real-time black box recorder that captures and stores
critical medical data, secured by a blockchain-based
integrity proof chain for tamper detection. Smart contracts
manage secure transactions and data validation, enabling
transparent audits. Additionally, the system uses retrieval-
augmented generation for natural language explanations of
Al decisions, improving transparency. Federated learning
enables collaborative Al model improvement across
devices without sharing sensitive patient data, addressing
key challenges in healthcare data integrity, privacy, and
transparency.
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1. Introduction

The rapid adoption of artificial intelligence (Al) in
healthcare has significantly improved diagnostic accuracy,
personalized treatment, and overall patient outcomes [1,2].
However, the increasing reliance on Al-driven autonomous
systems presents critical challenges related to trust, data
security, and transparency. Ensuring the integrity and
privacy of sensitive healthcare data, while maintaining the
transparency of Al decision-making processes, is essential
for the wide-scale adoption of these technologies [2].

In healthcare, data integrity is paramount, as
compromised or erroneous data can lead to severe
consequences, including misdiagnosis or improper
treatment. Additionally, maintaining patient privacy in
compliance with stringent regulations, such as brain tumor
[3], presents unique challenges when using Al models that
rely on vast amounts of data. Traditional centralized Al
systems are susceptible to single points of failure, data
breaches, and limited transparency, which undermine trust
in these systems [4].

To address these issues, this research proposes a novel
framework that integrates blockchain technology and large
language models (LLMs) to enhance trust and data security
in autonomous healthcare systems. Blockchain's
decentralized and tamper-proof nature ensures data
integrity and transparency, while federated learning allows
for the collaborative improvement of Al models without
sharing sensitive patient data. The framework also
incorporates an interpretability component that provides
natural language explanations of Al decisions, making the
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system more transparent and trustworthy for healthcare
practitioners.

2. Method

This section outlines the proposed framework designed
to enhance trust, data security, and transparency in
autonomous healthcare systems by integrating blockchain,
federated learning, large language models (LLMs), and
interpretability components. The methodology is structured
into several key components as detailed below:

2.1 Black Box Recorder for Data Logging

The black box recorder captures critical real-time data
from autonomous healthcare systems, x;(.) ,decisions y;
and timestamps (t ). This data is stored in Rosbag files for

subsequent audit and analysis. The set of recorded data D (t)
attime (t) is defined in eq 1:

D) = {(xiey Vi t) i = 1,2,..,N} (1)

2.2 Blockchain-Based Integrity Proof Chain
To ensure data integrity, each data point (d; € D(t)) is
hashed using a cryptographic hash function H(.) The

resulting hash values ( k;) are concatenated into a chain and
stored on the blockchain:

hy = H(dy), H(dlld |l ... | dy) )

This produces a tamper-proof chain of hashes that can be
audited for integrity verification. The blockchain enables a
decentralized, immutable record, and any tampering would
lead to inconsistencies in the hash chain. For tamper
detection, the system checks whether the final hash ( h,,) in
the chain matches the expected value:

Pr=H(H(..H(hy I h2) . 1 ) = hepeciea~ (3)
2.3 Smart Contracts for Secure Transactions

Smart contracts on the blockchain manage secure access
and data transactions. Let (T,) represent a transaction,
where:

T = Sign(keprivy, m) (4)

Here, (kgrivyy is the private key used to sign the
message (m) (which could be a data request or
transaction). The transaction is validated if:

Verify(k{pub}, Ts) = True 5)

where ( kgpypy) is the corresponding public key, ensuring
only authorized entities can access or modify the data.

2.4 Interpretability Component Using Large Language
Models (LLMs)

To enhance interpretability, the system employs
retrieval-augmented generation. Given a query ( Q), the
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system retrieves the most relevant data from the dataset
( D) using a cosine similarity function:

Dielevant = arg max cosine_similarity (E (Q),E (Di)) (6)

where E(.) represents the embedding function that
transforms both the query ( Q) and the data points ( D;)
into a high-dimensional vector space. The most relevant
data is then input into the LLM to generate a natural
language Eeyp:

Eexp = LLM (Drejevant » @) (7

This ensures that healthcare practitioners receive
interpretable explanations of Al decisions.

2.5 Federated Learning for Model Improvement

Federated learning enables distributed healthcare devices to
collaboratively improve Al models without sharing
sensitive data. Let 6;represent the local model parameters
on device (i), and D; be the local dataset. Each device
updates its model as follows: 8; = 6; — nVL(6;; D;)

0 =3, 6] ®)

where L(6;; D;) is the loss function for the local model,
and n is the learning rate. After local training, the central
server aggregates the updated model parameters from ( k)
devices to form a global model

3. Results

Data Integrity and Tamper Detection: We tested the
blockchain-based integrity proof chain for maintaining data
integrity and detecting tampering. After logging healthcare
data and introducing simulated tampering, the system
achieved a 100% tamper detection rate, confirming the
effectiveness of the blockchain for data integrity Shown in
Figure 1.

Model Accuracy Quer Training Rounds Computational Efficiency Ower Training Rounds

eaming Blockehan Latenzy
—o— Federared Leaming Latency

T 2 3 ) B "1

H 3 3 5
Training Rounds. Training Rounds

Figure 1. Computational Efficiency Over Training Rounds

Federated Learning Model Performance: Federated
learning was evaluated on multiple healthcare devices,
showing an 8% accuracy improvement in the global model
compared to centralized models after five rounds of
training. The system ensured data privacy, as no sensitive
patient data was shared during the training process (Figure
2).

Model Explainability: The system generated natural
language explanations for Al-driven decisions, which were
evaluated by healthcare professionals for clarity, relevance,
and usefulness. The explanations received an average rating
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of 4.7 out of 5, demonstrating high interpretability and
trustworthiness in Al decisions shown in Figure 2.
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Figure 2. Model Explainability and Ratings

Computational Efficiency and Privacy Preservation:
Blockchain and federated learning introduced minimal
latency (50 milliseconds per transaction), ensuring the
system's suitability for real-time healthcare applications.
The federated learning framework preserved patient privacy
and complied with data protection standards in Figure 1

5. Conclusions

The proposed framework enhances trust, data security,
and transparency in autonomous healthcare systems by
integrating  blockchain,  federated learning, and
interpretability. It successfully detects data tampering,
improves Al model performance by 8%, and preserves
patient privacy. The system also provides clear and useful
explanations for Al-driven decisions, promoting trust
among healthcare practitioners. This solution is well-suited
for real-time healthcare applications, ensuring secure and
efficient Al-driven operations.
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